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A study of combined structure/sequence profiles
Arne Elofsson1, Daniel Fischer, Danny W Rice, Scott M Le Grand 
and David Eisenberg
Background: For genome sequencing projects to achieve their full impact on
biology and medicine, each protein sequence must be identified with its three-
dimensional structure. Fold assignment methods (also called profile and
threading methods) attempt to assign sequences to known protein folds by
computing the compatibility of sequence to fold.
Results: We have extended profile methods for the detection of protein folds
having structural similarity but low sequence similarity to sequence probes. Our
extension combines sequence substitution tables with structural properties to
form a combined profile. The structural properties used in this study include
distances between residues, exposed areas, areas buried by polar atoms, and
properties of the original three-dimensional profile method. We compared the
performance of these combined profiles with different sequence matrices and
with the original three-dimensional profile method. To determine the optimal gap
penalties and weights used with these profiles, we employed a genetic
algorithm. The performance of these combined profiles was tested by cross
validation using independent test and training sets.
Conclusions: These studies show that the combined profiles perform better
than profiles based on either structural or sequence information alone.
Introduction
Many proteins with apparently unrelated sequences have
been found to have similar three-dimensional structures.
This has led to the development of methods to detect the
fold of a probe sequence from a library of known target
folds. Some of these methods are based solely on sequence
information [1–3], others on multiple aligned sequences
[4], others on structural information [5–15], and still others
on both sequence and structural information [16–20]. 
The new features of the combined structure/sequence
profiles of this study in comparison with earlier studies
[16–19] are weighting of the uncombined profiles by indi-
vidual, optimized coefficients, testing different structural
terms, and using separate training and test sets to evaluate
the performance of different combined profiles. In previ-
ous work on combined profiles, Yi and Lander [19] used
an ‘iterative method’, where one protein is identified to
have a similar structure to another protein which is then
used to identify a third and so on. Here, we compare only
a probe sequence and a target profile with each other.
As in much earlier work of others, we use sequence infor-
mation in the form of a substitution table. This table con-
tains the scores of replacing one amino acid with another.
Values for this table have been offered by many authors,
including Dayhoff et al. [1], Henikoff and Henikoff [21],
Gonnet et al. [22], and the Genetics Computer Group [23].
In addition to sequence information, we use structural
information that can be included in several different ways.
Bowie et al. [6] described each position of a protein as
being in one of 18 environments; other researchers have
developed similar methods (e.g. Ouzounis et al. [13] and
Yi and Lander [19]). The environments in these methods
are characterized by properties such as exposed atomic
areas and type of residue–residue contacts.
As an alternative means of describing the environment of
each residue, some researchers have used the distances
between a residue and its neighbors [7,9–11]. When such
distance information is used, the score that contributes to
aligning one residue of the probe sequence at a certain posi-
tion of the target depends explicitly on which other residues
are in the vicinity. This distance information can be used in
standard dynamic programming alignment with the aid of
the ‘frozen approximation’, in which the amino acid types of
the interacting residues are taken from the sequence of the
target structure, rather than from the probe sequence [9].
Lathrop [25] has shown that the nonfrozen approximation
to the threading problem is NP-complete when pairwise
interactions are used and gaps are allowed. Thus, abandon-
ing the frozen approximation is computationally impractical.
Besides the frozen approximation, several clever methods
have been used to approximate the best possible alignment.
Jones et al. [11] used a double dynamic programming algo-
rithm to overcome the frozen approximation and others
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have used an iterative method in combination with the
frozen approximation [10,17] or a Monte-Carlo method [7].
However, none of these alternative methods guarantees
finding the best possible alignment. In this study, we chose
to use a dynamic programming algorithm with the frozen
approximation as a computationally reasonable method for
seeking the best alignment.
In the present work, we assess the effectiveness of com-
bining different sorts of sequence and structural informa-
tion. We have used a genetic algorithm to determine gap
penalties and optimal weights in the combined profiles.
The genetic algorithm was applied to a training set of pairs
of proteins with low sequence identity and similar struc-
tures. Furthermore, an independent test set was used to
evaluate the performance of different methods. The main
finding is that combined profiles perform better than
uncombined profiles based on either sequence or three-
dimensional information alone.
Results
Profiles
The combined profile method is summarized in Figure 1.
A profile is a matrix whose elements are the scores for
aligning each residue type at a given position in a given
target protein [4]. The first step is to generate uncom-
bined profiles (as described in the Materials and
methods). Each uncombined profile is of a type used in
previous work. We then create combined profiles by
taking a weighted linear sum of the elements of the
uncombined profiles:
CombinedProfi,a = Σwk*Prof(k)i,a (1)
in which CombinedProfi,a is the value for amino acid type
a at position i in the combined profile. The summation is
over all the k uncombined profiles, wk is the weight for
profile k and Prof(k)i,a is the value for amino acid a in posi-
tion i of the profile k. The sum of wk is set at 1.0. 
We evaluated a total of 14 uncombined and combined pro-
files as described in Table 1. Three uncombined profiles
were made from residue substitution tables: GCG [23],
pam250 [21], and blosum62 [1], which we call GCG, PAM,
and BLOSUM, respectively. One uncombined structural
profile was made using the 3D–1D scores of Bowie et al.
[6], which we call BOWIE. 
The 10 other profiles that we evaluated are combined pro-
files. The profile DIST+AREA is a combined profile
made up from pairwise distance information and informa-
tion on exposed and polar areas. The distance information
profile, DIST, consists of three uncombined profiles that
introduce close (C1), medium (C2), and distant (C3)
pairwise contact information. AREA contains information
on exposed surface areas (EXP) and the area in contact
with polar atoms (POL). The profile ALL combines
DIST+AREA with BOWIE. The three sequence tables
were used to create three combined profiles made up from
one sequence table and the ALL profile. These combined
profiles are called ALL+GCG, ALL+PAM, and
ALL+BLOS.
In addition, five combined profiles were created by com-
bining the GCG sequence matrix with different structural
profiles (Table 1). These combined profiles include: the
combination of GCG with distance and area terms,
GCG+DIST+AREA; the combination of GCG with dis-
tance terms and the 3D profiles, GCG+DIST+BOWIE;
GCG combined with area terms, GCG+AREA; GCG com-
bined with distance terms, GCG+DIST; and GCG com-
bined with the 3D–1D profiles, GCG+BOWIE. 
Other combinations of profiles are of course possible. We
have not attempted a systematic study here of all possible
combinations, but have limited our investigation to
whether combined profiles are more effective than
uncombined profiles.
Table 1 summarizes the definitions of the profiles and
lists the gap penalties as well as the weights used in the
combined profiles, as determined during the training
phase. The evaluation of the profiles of Table 1 is
reported in Figure 2. As described in the Materials and
methods, two measures are used in the evaluation: the
average Z-score obtained for the 95 sequence/structure
pairs (shown in Fig. 2a) and the rank received by the
proper target fold when scanning the library of 360 folds.
We report these ranks as two numbers: percentage found
at rank 1 (Fig. 2b) and percentage found in the top 10
ranks (Fig. 2c). Figure 2 shows that the average Z-scores
for the combined profiles are higher than for the uncom-
bined profiles. The most effective sequence table,
BLOSUM, gives an average Z-score of 3.8, while the best
combined profiles give Z-scores of up to 4.1–4.4. The
combined profiles detect more probe-to-target matches in
rank 1 (Fig. 2b) and noticeably more probe-to-target
matches in the top 10 ranks (Fig. 2c). PAM detects 41% of
the probe-to-target matches in rank 1 and 59% in the top
10, while the combined profile ALL+PAM detects 45%
and 73% (Fig. 2b,c). The combined profile using GCG
performs slightly worse than the ones using PAM or
BLOSUM. The performance of BOWIE is similar to PAM
and BLOSUM, giving 39% of the probe-to-target matches
identified in the first rank (Fig. 2b) and 64% in the top 10
(Fig. 2c). The performance of DIST+AREA is signifi-
cantly worse than the other profiles with only 22% of the
probe-to-target matches detected in the first rank com-
pared to at least 37% with any other profile (Fig. 2b). The
Z-score for DIST+AREA is also lower than for the other
profiles (Fig. 2a). The performance for ALL+PAM is 10%
and 24% better than for PAM, as measured by the first and
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the top 10 ranks. This suggests that structural information
increases the effectiveness of sequence profiles.
The combined profiles identify more probe-to-target
matches than does GCG alone, up to 52% in first rank,
compared with 39%, and up to 71% in the top 10, com-
pared to 53%. The performance of the combined profile
that does not include sequence information, ALL, is sig-
nificantly lower than for the ones including sequence
information. By studying GCG combined with different
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During training, a genetic algorithm
optimizes weights and gap penalties to
create a library of combined profiles
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Description of the combined profile method. (a) Flow diagram
illustrating the assignment of a probe amino acid sequence to one of
the target folds of the library. (b) Two or more uncombined profiles are
created and normalized (as described in the text). These profiles are
added together to create a combined profile with an individual weight
for each profile. The weights and gap penalties are optimized with a
genetic algorithm on a training set. The best weights found by this
algorithm are used to determine the performance on the test set.
structural profiles, we hoped to understand how different
structural properties contribute to the performance.
However, the small sample size and the rather large
spread in gap penalties made it hard to judge the specific
effect these properties had on performance.
Weights
By studying the weights found by the genetic algorithm
(Table 1), we can get an impression of the importance dif-
ferent information terms have in the creation of profiles.
Whenever sequence information is included, the corre-
sponding profile always has the highest weight. The
weights for the polar area, POL, and the distant pairwise
contact information, C3, are usually very low. The ALL
profile is the exception because the C3 profile contributes
27% to the combined profile. The BOWIE, EXP and C1
terms usually have similar weights, as does C2 except in
ALL+PAM and ALL+BLOS where C2 has a noticeably
lower weight. In ALL, where no sequence information is
used, the weights for the area terms are very close to 0.0.
Gap penalties
The optimized gap penalties are consistently around 4.5
for the gap opening penalty and 0.3 for the gap extension
penalty (Table 1). This may be related to the fact that nor-
malization of the uncombined profiles (see the Materials
and methods) gives all profiles the same average value and
standard deviation. Two pairs of gap penalties that differ
noticeably from the others are GCG+AREA (5.3 and 0.0)
and GCG+DIST (3.0 and 0.6). Especially interesting are
the atypical gap penalties for GCG+AREA, because this
profile performed very well on the test set (see below). 
Discussion
In this study of the effectiveness of combined profiles, we
used a training set to optimize weights and gap penalties.
Then we used an independent test set to judge the perfor-
mance of different profiles in a systematic fashion. We
used a large test set because the performance of a smaller
test set would be more dependent on small variations of
the parameters used.
The performances of the different profiles were judged by
two measures: the average Z-scores and the ranks (Materi-
als and methods). In our experience, the rank method is
more useful than the Z-score method because the rank is
what is actually used to detect a probe-to-target match. As
the average Z-score was used during optimization on the
454 Folding & Design Vol 1 No 6
Table 1
Uncombined and combined profiles tested in this study. 
Weights
Name Terms Gap Ext Seq Bowie Exp Pol C1 C2 C3
GCG The GCG sequence matrix 5.9 0.8 1.00 — — — — — —
PAM The pam250 sequence matrix 4.9 0.3 1.00 — — — — — —
BLOSUM The blosum62 sequence matrix 5.3 0.6 1.00 — — — — — —
BOWIE The 3D–1D profiles 3.6 0.0 — 1.00 — — — — —
DIST+AREA DIST, EXP and POL terms 4.3 0.3 — — 0.37 0.02 0.25 0.29 0.07
ALL+GCG GCG, DIST, BOWIE and 4.9 0.1 0.28 0.25 0.13 0.09 0.14 0.16 0.04
AREA terms
ALL+PAM PAM, DIST, BOWIE and 4.4 0.3 0.44 0.18 0.15 0.01 0.14 0.05 0.04
AREA terms
ALL+BLOS BLOS, DIST, BOWIE and 4.6 0.3 0.31 0.25 0.13 0.01 0.17 0.05 0.08
AREA terms
ALL DIST, BOWIE and AREA terms 3.9 0.0 — 0.31 0.01 0.01 0.20 0.21 0.27
GCG+DIST+AREA GCG, DIST and AREA terms 4.2 0.1 0.32 — 0.24 0.02 0.20 0.12 0.09
GCG+DIST+BOWIE GCG, DIST terms and the 2.5 0.1 0.36 0.25 — — 0.17 0.17 0.04
BOWIE profile
GCG+AREA GCG, EXP and POL terms 5.3 0.0 0.56 — 0.42 0.02 — — —
GCG+DIST GCG and DIST terms 3.0 0.6 0.45 — — — 0.23 0.26 0.06
GCG+BOWIE GCG and BOWIE 4.3 0.2 0.52 0.48 — — — — —
Uncombined (first four rows) and combined (last 10 rows) profiles
tested in this study. The left of the table lists the profile name, terms
included in the profile, and the gap and extension penalties found by
the genetic algorithm. The right of the table shows the weights (wk in
eq. 1) for the profile terms shown in the top row. C1, C2, C3 refer
to close, intermediate and distant pairwise distance terms,
respectively. DIST refers to C1, C2, and C3 together; EXP refers
to exposed area and POL to polar area; AREA refers to EXP and POL
together; BOWIE refers to the profiles of Bowie et al. [6]; GCG refers
to the GCG sequence matrix [23]; PAM refers to the pam250
sequence matrix [1,3]; BLOS refers to the blosum62 sequence matrix
[21]; ALL refers to DIST and AREA combined with BOWIE.
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Figure 2
Performance of various uncombined and
combined profiles on the test set. (a) The
average Z-score obtained for uncombined
and combined profiles. (b) The percentage of
probe-to-target matches found in the first
rank. (c) The percentage of probe-to-target
matches found in the top 10 ranks. Note that
combined profiles perform better than
uncombined profiles.
training set, the best rank performance is not necessarily
obtained with the optimized weights and gap penalties
(see below). Because the genetic algorithm found a low
value for the gap extension penalty in all tests, we tried a
gap extension value of 0.0. We found that this zero gap
extension penalty gave a better performance than those
found by the genetic algorithm as judged by the ranking
method. Therefore, the results corresponding to an exten-
sion penalty of 0.0 are the basis of the following discus-
sion. Only the following profiles were re-evaluated with a
0.0 gap extension penalty: GCG, PAM, BLOS,
ALL+GCG, ALL+PAM and ALL+BLOS. The results for
the test and training sets are shown in Figure 3 and are
discussed below. These profiles are denoted by an aster-
isk, such as GCG*. The Z-scores with the zero gap exten-
sion penalties might be expected to be lower than the
Z-scores found by the genetic algorithm, and this is
usually the case. 
The performances of the various uncombined * profiles
are all about the same. In general, the * combined struc-
ture/sequence profiles perform better than the * uncom-
bined profiles, as shown both by their higher Z-scores and
by more probe-to-target matches in the top ranks. This
and the results in Figure 2 show that the combined struc-
ture/sequence profiles represent a promising path towards
being able to assign distantly related sequences to folds.
In comparing the different combined profiles, the ones
using the PAM* or BLOSUM* sequence tables in combi-
nation with all structural profiles perform best (Fig. 3).
The performance of the combined ALL+PAM* profile is
10% and 24% better than PAM* as measured by the first
and top 10 ranks on the test set, respectively. 
Easy and difficult probe-to-target matches
To analyze further the difference in performance between
combined and uncombined profiles, we divided the
probe-to-target matches into easy and difficult pairs, with
the results shown in Figure 4. First, we combined the test
and training sets into a combined set. This was done in
order to get enough data for both the easy and the difficult
test sets. The probe-to-target matches in the combined
sets having more than 20% sequence identity comprise
the easy set and the probe-to-target matches with less
than 20% sequence identity comprise the difficult set. It
should be remembered that no probe-to-target match has
more than 30% sequence identity. Altogether, there are 73
difficult and 57 easy probe-to-target matches. 
All evaluations of performance were done on the six * pro-
files in Figure 3 with all gap extension penalties equal to
zero. The difference in performance between the easy and
difficult probe-to-target matches is significant. The Z-
score for the ALL+BLOS* is 2.6 for the difficult probe-to-
target matches and 5.7 for the easy probe-to-target
matches. Two combined profiles identified more than
70% of the easy probe-to-target matches in the first rank,
and one placed as many as 95% in the top 10 ranks. No
profile identified more than 33% of the difficult set in
rank one or more than 57% in the top 10 ranks. Thus, the
combined profiles perform much better on the easy probe-
to-target matches than on the difficult probe-to-target
matches. Overall, combined profiles place slightly more
difficult probe-to-target matches in the top 10 ranks than
do the uncombined profiles: up to 56% compared with up
to 49%. It may be that the combined profiles increase the
performance on probe-to-target matches that are correctly
aligned, but on the probe-to-target matches where the
alignment is largely wrong (as is more likely for the diffi-
cult pairs) there is no improvement. It should be noted
that we used the Smith–Waterman algorithm [26] for
alignment, so the alignment may be correct for only a
short segment of the protein.
Future improvements
How can the performance of combined profiles be further
improved? There may be other sequence substitution
tables that give better performance than the tables we
have tested (Table 1). It has been reported elsewhere that
the Gonnet table performs slightly better for distantly
related sequences [22,27]. Furthermore, other groups
[9,11] have reported better performance for distance-
based methods. This may be due to variations in our
implementation of the distance-dependent functions. 
The present study shows that our method of optimization
of weights and gap penalties is not ideal. Because of com-
putational limitations, we are not able to use the ranks
directly as an optimization function. If we could optimize
the parameters against a profile function that depends on
the ranks of the probe-to-target matches, we might be
able to find better parameters and thereby obtain better
performance. In addition, Fischer et al. [27] have shown
that a variation of the dynamic programming algorithm
may permit the use of raw scores, rather than the Z-score,
which would allow one to use the rank measure in the
optimization of weights and gap penalties. This method
would be much faster because we would not have to
realign the target with randomized sequences to calculate
the Z-score. There are also other methods, such as log-
scaling, that might be useful as a substitute for the Z-score
calculation [28].
In short, avenues for improving the performance of the
combined profiles include developing more sensitive
uncombined profiles, optimizing parameters using the
ranks rather than Z-scores measure, and improving
methods for dealing with gap in the alignment.
Conclusions
This study compares the performance of various profile
methods for assigning probe sequences to structurally
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related target folds. Combined profiles were optimized on
a training set and evaluated on an independent test set.
The performance of the combined profiles was better
than any of the uncombined profiles as measured both by
average Z-score and by the ranking of probe-to-target
match against a library of fold representatives. The
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Figure 3
Performance of combined and uncombined
profiles with the gap extension penalty set to
0.0. (a) The average Z-scores. (b) The
percentage of probe-to-target matches found
in the first rank. (c) The percentage of probe-
to-target matches found in the top 10 ranks.
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improved performance of combined profiles over uncom- bined profiles is on the order of 5% to 30%. The perfor-
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Figure 4
Performance of combined and uncombined
profiles with the gap extension penalty set to
0.0 for easy and difficult probe-to-target
matches. Easy pairs have a sequence identity
of more than 20% (but below 30%) and
difficult pairs have a sequence identity of less
than 20%. (a) The average Z-scores. (b) The
percentage of probe-to-target matches found
in the first rank. (c) The percentage of probe-
to-target matches found in the top 10 ranks.
Note that combined profiles perform better
than uncombined profiles, especially on the
easy pairs.
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mance of combined profiles was increased mostly for easy
probe-to-target matches, that is, pairs with between 20%
and 30% sequence identity. The best combined profiles
detected 81% of the easy probe-to-target matches in first
rank and 95% in the top 10 ranks. Among the difficult
probe-to-target matches, defined as having less than 20%
sequence identity, 33% were detected in first rank and
56% in top 10 ranks. This shows that probe-to-target
matches can be correctly identified in most cases with
higher than 20% sequence identity, whereas for lower
sequence identities, only one-third of the cases can be
correctly identified. Note, however, that the level of
structural similarity of the probe–target pairs used here
[29] is relatively high. Thus, this conclusion holds only
for probe–target pairs that are structurally similar at this
level.
Materials and methods
The uncombined profiles are created by using the MKPRF module in the
GRAIL program that we have developed, while everything else in this
study is performed with the PSCAN program. GRAIL and PSCAN are
written in FORTRAN and ported to many different platforms. They are
available through the internet (http://www.biokemi.su.se/~server/pscan/)
or by e-mail (arne@biokemi.su.se). A server using the combined struc-
ture/sequence method to identify a possible matching fold given a
sequence is available from http://www.biokemi.su.se/~arne/pscan/.
Alignment algorithm
All alignments have been performed using standard dynamic program-
ming techniques. We used the Smith–Waterman method [26,30,31],
which is sometimes called the local alignment algorithm. The raw score
for the compatibility of a probe sequence for a target protein fold is the
sum of the residue scores minus the sum of the gap and extension
penalties. In addition to the raw score, we compute the Z-score of an
alignment using the raw scores of the alignments of a number of ran-
domized sequences on the same target. The Z-score gives the number
of standard deviations above the mean score for the probe sequence
aligned with the target fold. We used 200 randomizations. However, to
save CPU time when we scan a database of folds, we first do 10 ran-
domizations and if the Z-score is higher than 1.0, we complete the 200
randomizations.
Training and test sets
The probe-to-target matches were selected from a list of pairs having
low sequence identity but similar structures obtained by structural
superposition of all proteins in the Protein Data Bank [29]. We will
refer to a pair of structurally similar proteins as a probe sequence
matching a target profile. From this list of structurally similar pairs with
low sequence identity, we selected a training set of 35 pairs and a
test set of 95 other pairs (see the Supplementary material published
with this paper on the internet). Most pairs were used in two direc-
tions, i.e. the sequence of protein A was matched to the profile of
protein B and the sequence of protein B was matched to the profile of
protein A. 
Optimizing parameters
We used a genetic algorithm to optimize the weights and the gap
opening and extension penalties. The genetic algorithm is similar to the
one used in earlier studies [32,33]. The function optimized by the
genetic algorithm is the average Z-score for the 35 pairs of proteins of
the training set. When computing the average, Z-scores greater than
7.5 are given a value of 7.5, in order to prevent the domination of a few
of the probe-to-target matches in the training set. We refer below to
the Z-score with the cut-off value as the Z-score. 
Methods to assess the performance of the different profiles
After generating the profiles with the genetic algorithm to optimize the
weights and gap penalties, we evaluated their performance as follows.
For each of the 95 sequences in the test set, we searched a library of
360 known folds. The library was selected from a representative set of
structures ([29]; see the Supplementary material published with this
paper on the internet). Two measures were used to examine the perfor-
mance of the different combined profiles: the average Z-score of the
95 probe sequence–target structure alignments, and the rank assigned
to the correct target folds among the folds in the library. The ranks
were computed by sorting the 360 alignments by their Z-scores.
Because the library contains several representatives having a similar
fold, the actual target might not be ranked in first place. To overcome
this problem, we identified each target with a fold as described by the
first two levels of the SCOP database [34] as of June 8, 1995. Thus,
for each probe sequence, we ignored proteins having the same fold as
the target.
Creating uncombined profiles
Three different sequence substitution tables were used to prepare the
profiles: the standard table in GCG [23], pam250 [1] and blosum62
[21]. The GCG table is obtained from the pam250 but normalized so
that each row and column has an average value of 0 and a standard
deviation of 1.0 [23] and each identity match is set to 1.5. These
uncombined profiles are referred to as GCG, PAM, and BLOS.
Another uncombined profile was made using the 3D–1D scores
described by Bowie et al. [6]. These scores are based on the sec-
ondary structure, the area of each residue buried and the fraction of the
area in contact with polar atoms, combined with information from
sequence alignment. The 3D profiles are referred to as BOWIE.
The other uncombined profiles are called C1, C2, C3, EXP and
POL. C1, C2 and C3 contain distance information and all together
are called DIST. EXP and POL contain information on exposed surface
area and area in contact with polar atoms and together are called AREA.
The statistics for these profiles were generated using data from a set of
proteins with less than 50% sequence identity to each other [35].
DIST profiles
We chose to include the information for distance profiles in a similar
way to Flöckner et al. [9]. The distance between residues is computed
as the distance between C atoms. In the case of glycine, a pseudo
C atom is created. The distance information was divided into three
classes: close, intermediate, and distant pairwise contact information.
The close pairwise contact information takes into account residues
closer than seven residues apart (called C1). The intermediate pair-
wise contact uses residues 7–10 residues apart (called C2), while
the distant pairwise contact information uses residues further apart
(called C3). The value of the profile at position i and residue type a is
given by equation 2:
Profi,a = Σj E
dist(a,b,x,n) (2)
where the sum is over all residues j closer than 20 Å from residue i, n is
the number of residues in the sequence separating residues i and j, x is
the distance in space separating these two residues, and b is the type
of residue j. It should be noted that n can be either positive or negative
since the protein chain has a direction. The calculation of Edist is
described below.
AREA profiles
For each residue type, the accessible surface area is calculated, as
well as the accessible area covered by polar atoms [6,36]. These areas
are compared with the accessible surface area in a tripeptide Gly-X-
Gly. The uncombined profiles are created by calculating scores given a
certain fraction exposed to solvent, or fraction covered by polar area.
These profiles are calculated from equation 3:
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Profi,a= EArea(a,y) (3)
where y is the fraction as accessible area of residue i, either exposed or
polar, and EArea is described below.
Smoothing
To deal with sparse data we use a two step approach. First, statistics
are gathered from the database of structures. These data are divided
into bins: for the distance terms (Edist) the data are divided into N =
200 bins of 0.1 Å size, and the area data (Earea) are divided into 100
bins of 0.01 in size. The first step is a gaussian smoothing, where the
value in each bin is weighted with all the values in all other bins. 
Ai = Σ Bj *e–1(i–j)
2
/K (4)
j=1,N
in which i,j represent different bins, Ai is the value in bin i after smooth-
ing and Bj is the value in bin j before smoothing. K is a smoothing con-
stant and N is the number of bins used, as given in Table 2.
The second step uses a similar method to that described by Sippl and
co-workers [24,37].
For the DIST profiles:
Edist(a,b,x,n)=log[1+*m(a,b,n)] – log[1+*m(a,b,n)*g(a,b,n,x)/f(n,x)]
(5)
in which the two residues, of type a and b, are separated in sequence
by n residues and by a distance x, m(a,b,n) is the number of observa-
tions of the pairs a,b separated at n residues in the database; g(a,b,n,x)
is the observed frequency of these residues separated at distance x;
f(n,x) is the observed frequency of any residues separated by n
residues at distance x;  is a constant set to 0.02.
For the AREA profiles: 
Earea(a,y)=log[1+*m(a)] – log[1+*m(a)*g(a,y)/f(y)] (6)
in which m(a) is the total number of observations for residue type a;
g(a,y) is the observed frequency for residue type a with accessible area
y; and f(y) is the total observed frequency with accessible area y. For
the POL profiles a similar equation was used, where y refers to the area
buried by polar atoms. 
Normalization of the uncombined profiles
Each uncombined profile is normalized so that the average of its ele-
ments is 0.5 and the standard deviation is 1.0. The value 0.5 was found
by letting the genetic algorithm optimize the average value on the train-
ing set. Several runs consistently found a value close to 0.5. Further
testing showed that a value of 0.5 was better than 0.0 or a negative
value. The standard deviation was arbitrarily set to 1.0, and no signifi-
cant improvement was found by trying to optimize this parameter.
Supplementary material available
Supplementary material published with this paper on the internet
includes the 35 probe-to-target matches used in the training set to
determine optimal gap penalties and profile weights for the combined
profiles, the 95 probe-to-target matches used in the test set for evaluat-
ing the performance of the profiles, and the 360 proteins in the fold
library.
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